Abstract -Muscle synergies have been used for decades to explain a variety of motor behaviors, both in humans and animals and, more recently, to steer rehabilitation strategies. However, many sources of variability such as factorization algorithms, criteria for dimensionality reduction and data pre-processing constitute a major obstacle to the successful comparison of the results obtained by different research groups. Starting from the canonical EMG processing we determined how variations in filter cut-off frequencies and normalization methods, commonly found in literature, affect synergy weights and inter-subject similarity (ISS) using experimental data related to a 15-muscles upper-limb reaching task. 
affected individual muscle contributions. Extreme smoothing (i.e., LP cut-off 0.5 Hz) enhanced the contrast between active and inactive muscles but had an unpredictable effect on the ISS. The results presented here constitute a further step towards a thoughtful EMG pre-processing for the extraction of muscle synergies.
Index Terms-Muscle synergies, upper limb, armreaching movements, EMG, factor analysis, data preprocessing.
I. INTRODUCTION
O NE of the fundamental questions in motor control concerns the mechanisms underlying muscle coordination during the execution of movements [1] . The human musculoskeletal system is characterized by great redundancy, with more muscles than kinematic degrees of freedom [1] - [3] , which makes it computationally complex to control each muscle independently. In 1967, Bernstein proposed the idea of modular organization of the muscle activity. He hypothesized that the control of movements may be based on a small set of muscular synergies combined in a task-dependent fashion to perform a desired action [4] . Muscle synergies can be defined as a group of muscles activated simultaneously with fixed relative gains. Each muscle synergy is composed of contributions from multiple muscles, with each muscle contributing to a different extent.
In general, identifying muscle synergies from raw electromyography (EMG) data involves following pre-processing steps: band-pass filtering, rectification, low-pass filtering, normalization, selection of the number of synergies to extract, and finally extraction of the synergies using a factorization algorithm of choice.
Linear factorization methods work by decomposing a set of pre-processed EMG signals and expressing them as the linear combination of basic activation coefficients and corresponding weight coefficients according to the equation
where M is the matrix m × t of pre-processed EMG signals (m muscles recorded along a t-long time window); C is the n × t matrix of the n (with n ≤ m) basic temporal components, also called activation coefficients; W is the m × n matrix of the weight coefficients representing the algebraic transformation between the temporal components and the EMG signals; it highlights which muscles are working together and being functionally co-activated by a specific temporal component; RES is a residual term that accounts for noise.
The muscle synergies concept has been widely used both to explain a variety of motor behaviors (e.g., reaching [5] - [8] , posture [9] , locomotion [10] - [13] ) and animals (e.g., primate grasping [14] frog jumping [15] , [16] , cats' locomotion [17] ), to study pathologies (e.g., to determine age-related [18] , [19] or pathology-related modifications in muscles co-activations [20] and to predict the degree of impairment of stroke patients [21] - [25] ). Muscle synergies (and factorization methods in general) can also be viewed as a useful tool to reveal underlying patterns in muscle activity that may reflect different levels of neural functions [26] , [27] , to compare performance across subjects [28] and to reduce the input features for a classifier [29] , [30] .
All these studies support the hypotheses of a neural control of movements based on the muscle synergies and the possibility to extract them from recordings of superficial muscle activity. However, it is often difficult to successfully compare the results obtained by different research groups due to the variability in the EMG processing methods (e.g. the choice of filtering cut-off frequencies, normalization strategies, rectification), factorization algorithms for synergies extraction (e.g., Nonnegative Matrix Factorization (NMF) [31] , [32] , Principal Component Analysis (PCA) [32] - [35] , Independent Component Analysis (ICA) [36] - [39] , Factor Analysis (FA) [40] ) and different criteria for selecting the number of synergies to extract (e.g., Explained Variance [5] , [21] , Minimization of Variance Accounted For (VAF) [41] , Eigenvalue Criterion [19] , [42] , [43] , Cluster Analysis [44] ).
Tresch et al. [32] identified a few best-performing factorization algorithms that yielded similar muscle synergies, suggesting that muscle synergies reflect indeed basic features of the organization of muscle activation and can be extracted by blind source separation (BSS) methods. However, the choice of different EMG pre-processing techniques, by altering the data information content available to the factorization algorithm, might alter its performance, the number of synergies to extract and the weights and activation coefficients of the synergies themselves [45] . For instance, Hug et al. [46] , Krogt et al. [47] , Shuman et al. [48] , recently showed that smoothing influences the number of extracted muscle synergies (i.e., the VAF by a given number of synergies decreased when increasing the LP cut-off frequency). Artoni et al. [44] showed how a different number of extracted synergies could lead to different interpretation of the results. In other words, depending on the researcher's selection of pre-processing steps, different conclusions and clinical interpretations might be drawn from the data [44] .
Given the importance of these aspects, there is an increasing need to test the robustness of results to changes in the preprocessing pipeline, as suggested in [44] and [47] - [49] . We hypothesize that each pre-processing step may have an effect on the number of synergies as well as on their structure, thus influencing the interpretation of the results.
For this reason, in the present study we have assessed the influence of various pre-processing methods on the muscle synergies extraction. This analysis was performed on experimental datasets from healthy subjects during point-to-point 3D reaching movements. The results might help in comparing existing studies and can thus lead to a more consistent application of the muscle synergies methodology.
II. MATERIALS AND METHODS

A. Participants
Eight right-handed healthy male young subjects (age: 24.42 ± 1.81 years; height: 177.42 ± 7.80 cm; weight: 72.07 ± 6.35 kg) were enrolled in the study. They did not present any evidence of skeletal, neurological or vascular diseases, and exhibited normal range of motion and muscle strength. The study was carried out in the Translational Neural Engineering Laboratory at the Ecole Polytechnique Federale de Lausanne (EPFL) after approval by the EPFL BMI Ethics Committee for Human Behavioral Research. The recordings were carried out in agreement with the Declaration of Helsinki. All participants signed an informed consent before starting the experimental sessions.
B. Experimental Protocol
The experimental set-up and the protocol were the same as those used in our previous studies [38] , [50] , [51] and similar to the setups used in Cheung et al. [21] and Coscia et al. [52] . The subject sat in front of a target panel. The center of the target panel was aligned with his right shoulder acromion. The panel had eight targets arranged in a clock-like fashion and was positioned at a distance of 20 cm from its center. The distance between the subject and the panel was equal to the participant's arm length. The starting position was located mid-way from the center of the target panel and the subject's acromion. The subject was instructed to reach, in a randomized order and at a self-chosen pace, each of the eight targets on the target panel. The reaching movements were performed from the starting position toward the selected target and then back to the starting position. Each reaching movement (starting position -target -starting position) constituted a trial. The task was repeated 12 times for a total of 96 trials (Fig 1) .
During those trials, the EMG activity was acquired from 15 upper limb muscles (see Table I ) using superficial Ag-AgCl electrodes (Kendall H124SG, ECG electrodes) with an interelectrode spacing of 2 cm. The skin was cleaned and shaved, and the electrodes were placed, whenever possible, according to the standard procedure indicated by Surface Electromyography for Non-Invasive Assessment of Muscles (SENIAM) guidelines [53] . The EMG signals were acquired at 3000 Hz with a wireless Noraxon Desktop DTS system (Scottsdale, Arizona) and an on-board 1 st order 10Hz high-pass filter.
Before starting the task, the subjects were asked to perform an isometric maximum voluntary contraction (MVC) test. Since in our study only healthy subjects were recruited, it was feasible to obtain the MVC for all the included muscles. We followed the procedure described in the SENIAM guidelines [53] for the triceps brachii, the biceps brachii short head, the biceps brachii long head, the superior trapezius, the deltoid anterior, medial, and posterior. As for the other muscles, we used the standard procedures described by Clarkson [54] Table I for the full list of recorded muscles. [55] . The tests were executed by the same experimenter for all the subjects. We repeated each test three times, with a break between each contraction to prevent muscle fatigue. For each muscle the MVC was computed as the maximum value obtained from the MVC data, pre-processed in the same way as the task EMG data [52] .
C. Pre-Processing
The EMG pre-processing was performed by using custom routines written in Matlab (Mathworks Inc., Natick, MA, USA). For each subject, the EMG data from all 12 trials were first concatenated. According to the current state-of-theart [1] , [32] , [56] , muscle synergies were derived separately for each subject from concatenated EMG signals that were pre-processed in the following way:
1. Band-pass (BP) filtering (zero-phase 6 th order, Butterworth [57] ): it removes drifts, aliasing effects, high-frequency noise (low-pass) and, to some extent, movement artifacts (high-pass). 2. Rectification: it is a commonly-used non-linear preprocessing step that allows to compute the EMG envelope. It is deemed useful to enhance the firing rate information of the signal by shifting the peak of the Motor Unit Action Potential spectrum toward the lower firing rate frequencies, whilst maintaining the firing rate spectra [58] . 3. Low-pass (LP) filtering (zero-phase 4 th order, Butterworth): applied to the rectified EMG signal, it ensures that no high frequency content alters the envelope shape.
The lower the cut-off the smoother the envelope. 
D. Muscle Synergies Extraction
Muscle synergies extraction comprised the following steps: 5. Selection of the number of components (synergies) to retain: it is performed to avoid extracting noisy components (overfitting). 6. Synergies extraction via FA to disentangle information from noise and to identify co-contractions across muscles. Muscle synergies were extracted here using Factor Analysis (FA) with "varimax" rotation. This algorithm has been shown to be very reliable for muscle synergies extraction [32] and to provide results equivalent to the commonly used NMF algorithm [23] , [32] , [59] . The number of extracted factors (muscles synergies i.e., the dimensionality of the muscle activity subspace identified by the algorithm) was chosen based on two alternative criteria:
i. the Eigenvalue ≥1 criterion; it is based on the assumption that a factor can only be considered significant if its explained variance is equal or higher to that of the original variable [19] , [42] , [43] ; ii. the cumulative explained variance (R2) criterion; it is based on the assumption that the number of synergies account for at least 80% of the variance (i.e., R2 ≥ 80%) of the EMG envelope time [5] , [52] .
E. Pre-Processing Tests
In order to determine the effects of different pre-processing methods only one parameter at a time was changed with respect to the default parameters: 6 th order [50 -500] Hz Butterworth BP filter; 4th order Butterworth LP filter with 10Hz cut-off frequency, MVC data for normalization [21] , [24] . The following tests were performed:
i. [ 
F. Statistical Analysis for the Assessment of the Pre-Processing Effects
For each number of synergies considered the effect of Normalization and BP filter on the number of synergies to be extracted using Eigenvalue and Cumulative Variance criteria were assessed using a Wilcoxon paired signed rank test as data were not distributed in a Gaussian fashion (ShapiroWilk test, significance α = 0.05). Similarly, the effect of different LP filters was determined via the Friedman test and the Spearman's rank correlation coefficient.
In order to compare the synergy weights across preprocessing conditions, for each number of retained synergies (4 or 5 -see results), we calculated the median and absolute median deviation (MAD) of the weights over all the subjects. The number of synergies was kept constant across subjects and conditions to simplify the analyses and allow for direct statistical comparison of weight coefficients as already proposed in other works [21] , [23] , [38] , [52] .
For each pre-processing condition the synergies were categorized across subjects into groups with a hierarchical clustering procedure based on the minimization of the Minkowski distance between vectors [21] . The number of clusters specified was set to be the same as the number of muscle synergies extracted, so that each cluster contained exactly one synergy per subject. The muscle synergies were matched across conditions by using the normalized scalar product (DOT).
The effect of different BP filters and normalization methods on the weight coefficients of extracted muscle synergies (across subjects) was assessed using a Wilcoxon paired signed rank test. This was done separately for each muscle and each synergy. Similarly, the Friedman test was used to compare the effect of different LP filters. When a significant effect was found, the Kendall's W coefficient was calculated to assess the effect size. We furthermore corroborated the statistical tests by computing the DOT between the homologous synergies (see Results).
The degree of similarity of the synergies across subjects (within each cluster) was defined as the median value of the scalar products calculated between weight coefficients normalized to the Euclidean norm of each two homologous muscle synergies in the given cluster (mDOT). The effects of Normalization and BP filter on the inter-subject similarity (ISS) were assessed using a Wilcoxon paired signed rank test Similarly, the effect of different LP filters on the ISS was assessed using the Friedman test. When a significant effect was found, the Kendall's W coefficient was calculated to assess the effect size. Post-hoc analysis was carried out with Bonferroni correction for multiple comparisons (6 comparisons resulting in the significance level α = 0.0083).
Finally, the effect of the number of synergies extracted (4 synergies vs 5 synergies) on the ISS was assessed using a Wilcoxon paired signed rank test separately for each of the synergies. Here, the effect size was calculated as r = Z-stat/ √ N. All the statistical tests were performed with SPSS (Statistical Package for Social Science, IBM, Armonk, New York, USA) with significance level set at α = 0.05.
III. RESULTS
A. Muscle Synergies Structure
The extracted muscle synergies (Figures 3 and 4 ) exhibit the following characteristics:
i. S1 mainly involves INFRA and RHO muscles (the latter with a great variability across subjects). This synergy contributes to performing abduction and external rotation of the upper arm. ii. S2 reflects the involvement of the trapezius muscles (i.e., TRAPS and TRAPM) in the elevation of the arm. iii. S3 is mainly characterized by the activity of the muscles deputed to the flexion-extension of arm (both head of triceps TRILAT and TRILONG and BICS), to the flexion of the shoulder (DMED and with a smaller degree DANT and DPOS), and to the stabilization and the postural support of the arm (PEC and LAT). This synergy facilitates forward arm elevation and elbow flexion and extension. iv. S4 mainly involves BICL and PRO and, though to a lesser extent, BRA and the other head of biceps (BICS). It can be ascribed to the coordination of elbow flexors while executing point-to-point reaching movements. v. S5 accounts mostly for the contribution of TRILAT and TRILONG to the extension of the elbow. It is, however, characterized by great variability across subjects.
B. Effects of Pre-Processing on Estimation of the Number of Muscle Synergies
The different BP, LP filters and normalization methods did not have significant influence on the number of synergies to be extracted according to the Eigenvalue criterion (Fig 2, Panel A) , which was also less affected by variability across subjects with respect to the cumulative variance criterion. Conversely, the cumulative variance criterion was found to be strongly affected by the normalization type (Z = 2.555, p = 0.011). On average, three more synergies were needed to explain the same amount of variance when SELF normalization was employed (Fig 2, Panel B) . Similarly, LP filtering cut-off frequency was found to be inversely correlated to the amount of variance that a set of synergies can explain (Spearman rank r s (58) = 0.2892, p = 0.025), thus significantly affecting the number of synergies to be extracted (χ(3) = 21.986, p = 66e − 05).
The choice of four and five synergies respectively fulfilled the Eigenvalue criterion and Cumulative Explained Variance criterion for all the pre-processing conditions. Therefore, both four and five synergies were considered in this study.
The structure of the first four synergies (S1-4 Fig 3, panels A-B) was not modified by the extraction of a further fifth one (S5 Fig 3, panels C-D) .
C. Effects of Pre-Processing on Muscle Synergy Weights
As revealed by the Wilcoxon paired signed rank test and by the DOT products neither normalization (median DOT across pre-processing conditions equal to 1) nor BP filtering (median DOT > 0.95) had any significant effect on synergies weights (Fig 3) . Although some differences could be ascribed to BP cut-off frequency, they were either isolated (BICS in S3), referred to low weight muscles (TRILAT, TRILONG, BRAC in S4) or were not robust to changes in the number of synergies extracted (PEC, BICS in S2-Panel B vs. S2-Panel A) and they are, thus, likely due to the stochastic nature of the EMG [43] .
Conversely, LP filtering had a significant effect on synergies weights, both when extracting four and five synergies (Fig 4) . An increase in LP filtering cut-off frequency reduced the smoothness of the EMG envelope and significantly (p<0.05) decreased the relative weights of the majority of the most active muscles. Kendall's W calculated for the significantly affected weights ranged from 0.381 to 0.956 (mean: 0.567; standard deviation: 0.188), indicating moderate to strong effect sizes. Those significant differences were particularly noticeable e.g., for DANT, DMED, DPOS and LAT of synergy S3, BRAC and PRO for synergy S4. This was also reflected in the DOTs values (see Table III ). For example DOT (0.5Hz -20 Hz) <DOT (4Hz -20Hz) <DOT (10Hz -20Hz) in every instance.
D. Inter-Subject Similarity
As for the inter-subject similarity, when 4 synergies were extracted only the similarity of the weights of S4 was significantly influenced by the choice of the LP filter (p-values and associated effect sizes reported in Table II ). With 5 synergies S2, S3, S4, S5 were all affected. Both for S4 (four synergies) and S2, S3, S4, S5 (five synergies), post-hoc analysis (with Bonferroni correction for multiple comparisons -significance α = 0.0083), showed significant effects of 0.5 Hz LP filter on the inter-subject similarity with respect to other conditions: in case of 5 synergies lower ISS for S2 and S5, higher ISS for S3 and S4; in case of 4 synergies higher ISS for S4 (Table 2) . Table 2 shows that SELF normalization slightly decreased inter-subject similarity but this result reached significance only for S4 with 5 extracted synergies. Higher cut-off of the BP filter [50-500Hz] significantly increased inter-subject similarity in three instances (S4 -four synergies extracted -S1, S2 -five synergies extracted).
As for the number of synergies, although when five synergies are extracted the effect of LP cutoff is more prominent, overall when only four synergies were extracted the intersubject similarity in the weight coefficients was significantly lower (Z<87, p<0.008) than with five synergies for S1, S2 and S4 (r>0.559, indicating strong effect size).
IV. DISCUSSION
In this study we investigated how different pre-processing of the EMG signals affects the muscle synergies structure and number, as well as their variability across subjects. We have also evaluated the pre-processing's influence on two criteria for determining the number of synergies (i.e., Eigenvalues and Cumulative Variance). The synergies extracted in this study are stable across participants and conditions. They are physiologically plausible for explaining the motor activation during the reaching movements and similar in dimensionality and structure to those found in the literature [5] , [6] , [21] , [22] , [25] , [52] . We used FA for the extraction of the muscle synergies. FA is a multivariate statistical technique able to identify latent variables underlying the linear relationships existing among a large set of correlated variables [43] . FA has been used to study human locomotion, reaching/grasping, cycling, posture and neurorehabilitation [12] , [13] , [25] , [40] , [42] , [43] , [60] - [64] . While the implementation of FA and NMF, as well as the statistical principles on which they are based are different, both FA and NMF have been shown to produce equivalent results on both simulated [32] and real data [59] .
Regarding LP cut-off frequencies, we chose the values best represented in the literature, i.e., 4 Hz [24] , 10 Hz [65, 66] , 20 Hz [19] , [21] . Similarly, for BP both lower (20Hz) [59] , [67] , [68] and higher (40Hz) [24] , [69] high-pass cut-offs have been used. Furthermore, a value of 0.5Hz was chosen to clearly mark the effect of an extreme smoothing on the extracted muscle synergies.
A. LP Filtering Alters Synergy Weights and Explained Variance
The most important result we found is that the LP filter does not only impact on the dimensionality of the data [46] but it also significantly influences the weights of the extracted synergies. The higher the cut-off of the LP filter the lower the weights of the dominant muscles contributing to the synergies (Fig 4) , as well as the cumulative variance explained by a set number of extracted synergies. In this sense, higher LP cutoffs reduce the importance of the dominant muscles in explaining the variance of the original data. Low LP cut-offs increase the relative amplitude of the active muscles with respect to the inactive ones thus decreasing the signal-to-noise ratio of Both studies recruited a cohort of healthy and cerebral-palsy children, and employed a walking task to test the influence of the preprocessing steps on the muscle synergies extracted from 5 task-relevant muscles. In line with our results, they have found that the Variance accounted for (VAF) criterion is sensitive to the LP cut-off frequency, with higher cut-offs resulting in lower VAF. Shuman et al. (Shuman et al., 2017) have also reported that the choice of the LP filter influences the lower-limb synergy weights coefficients and suggested that retaining a higher-frequency content in the EMG signal, by using a higher LP cut-off, increases the synergy variability.
The reason behind very low ISS values for S5 for every LP cut-off frequency is a possible indication of noise affecting the synergy weights. In general, with high LP filter cut-offs (Table II ) data tend to be noisier. On the other hand, very low cut-offs, such as 0.5 Hz are likely to oversmooth the signal, by artificially raising the weights coefficients of the synergies and altering inter-subject similarity in an unpredictable way as a side effect. While these considerations apply to different datasets and motor tasks, the LP cut-off range of 4-10 Hz suggested here might be a good choice only for point-to-point reaching movements. It is therefore important to replicate this analysis for other motor tasks, involving for example lowerlimb movements [47] , [48] .
B. On the Use of ISS
The efficacy of the ISS measure relies on the task having similar characteristics among subjects. In fact, different movements may require different sets of muscle activations and yield different synergies, which are, in part, task-dependent. Variability among subjects is the result of a combination of individual differences (physical as well as in relation to how the task is performed), experimental set up variability (e.g., minor differences in electrode locations, amount of noise, motion artifacts etc.) and processing (e.g., algorithm and techniques used). The ISS can thus be considered as a measure of repeatability and stability of synergies across subjects. It is relevant to establish, for instance, a benchmark on healthy subjects against which we can compare e.g. other pathological groups. ISS might prove not as useful in the patient population, depending on the variability of that population. In fact, in case of an inhomogeneous population (e.g. comprising both subcortical and cortical, acute and chronic stroke) ISS-based criteria would tend to minimize interindividual differences and maximize common phenomena that might not be representative of the population. For this reason a careful assessment of individual differences in patients is necessary before employing ISS to quantify the number of muscle synergies to extract. When muscle synergies are used e.g. (i) to reveal underlying patterns in muscle activity that may reflect different levels of neural functions in different motor tasks; (ii) as an assessment of neural deficits in muscle coordination for neurological subjects, ISS should not be used as a criterion to select the number of synergies, but rather as an extra informative feature. The ISS might however prove useful when muscle synergies are used for other purposes, such as to disentangle relevant information from noise, to simplify EMG analyses, to extract common activation patterns across individuals or to reduce the input features for a classifier.
C. SELF Normalization Is Equal to MVC Normalization in Terms Synergy Structure But It Might Have an Impact on Dimensionality
Regarding normalization, there is no consensus as to its usefulness in accounting for variability (i.e., in physiological, anatomical and biochemical characteristics of the muscles). Both MVC and SELF normalization have been used in literature. For example, Tresch et al. [15] , Pirondini et al. [50] , and Coscia et al. [52] used MVC, Clark et al. [24] SELF normalization (maximum value across conditions), Cheung et al. [21] , [70] SELF normalization (median value across conditions or maximum variance). MVC normalizes the amplitude of the EMG signal according to the maximum contraction that the muscle can yield, rather than to the maximum contraction achieved during the task performance as in SELF normalization. Without considering muscle synergies, normalization to MVC has been found by Halaki and Ginn [71] to be the best one to compare muscle activity levels and activation patterns between muscles, tasks and individuals.
Our comparison reveals that the normalization method holds no effect on the weights of the muscle synergies. Yet, it definitely bears an effect on the cumulative variance criterion used to define the dimensionality of the data. In fact, while Eigenvalue>1 criterion was not affected by the normalization, the cumulative variance explained by a set of synergies was significantly lower with SELF than with MVC normalization. In fact, it may be unpractical to use MVC normalization for all muscles and especially with patients' populations. In this work we demonstrated that the type of normalization did not significantly alter the characteristics of the synergies extracted and we therefore show that SELF normalization can be safely employed for muscle synergies extraction.
It is important to note however that SELF normalization gives equal importance to every muscle, regardless of their actual use in the movement. This might spread the variance equally also across unused muscles, thereby decreasing the variance explained by a set number of synergies. This should be taken into careful consideration when using muscle synergies dimensionality (i.e., number of extracted synergies according to a criterion) e.g. in rehabilitation, to determine the severity of movement impairment and/or to monitor the effect of a rehabilitative treatment [23] .
In conclusion MVC and SELF normalization can be interchangeably chosen to normalize EMG signals for the muscle synergies extraction when the Eigenvalue>1 criterion is adopted to determine the number of the retained muscle synergies. However, our results suggest that particular care should be taken with other dimensionality selection criteria, especially when the dimensionality and the explained variance affect clinical interpretations of the study (e.g., effect of a poststroke treatment) [24] , [25] , [70] .
D. Robustness of Criteria to Determine Muscle Synergies Dimensionality
We have found that the two different methods for determining muscle synergies dimensionality are differently affected by the normalization and smoothing (LP filtering) procedures. This is in agreement with the results obtained by Hug et al. [46] who showed that LP filter's cut-off frequency affects the number of synergies to be extracted (lower-limbs, cycling task) with different criteria.
In general, the number of synergies to retain is defined as the minimum number of muscle synergies able to capture the structural variation of the dataset so that, by adding one more synergy, only noise would be added to the reconstructed dataset [5] . Thresholds of 75%, 80%, 90%, 95% of explained variance have been adopted in the literature to find this particular number, according to the properties of the specific dataset. In particular, Coscia et al. [52] used 75%, Cheung et al. [70] 80%, d'Avella et al. [5] performed an iterative approach to determine the optimal number of synergies, resulting in an explained variance ranging from 73% to 82%. In our case, we have chosen the explained variance threshold of 80%.
The Eigenvalue ≥1 criterion did not show any dependence on the pre-processing steps (i.e., normalization, BP filtering and LP filtering). Indeed, the number of the synergies to be extracted was always equal to four. The explained variance criterion, instead, was sensitive to normalization type and LP filter. Regarding the LP filter, the higher the cut-off frequency the lower the cumulative variance and thus the higher the number of synergies to be extracted using this criterion. As the cut-off of the LP filter is lowered, the amount of smoothing applied to the data increases, which in turn reduces the complexity of the data and thus allows for higher cumulative variance explained by a set number of synergies. Though valuable in filtering out the noise, when used excessively, LP filter smoothing may facilitate information loss and thus influence the interpretation of the results. In general, algorithms less sensitive to preprocessing steps (e.g., eigenvalue criterion) should be used when possible. Recent clustering-based algorithms [37] , [72] and the z-score normalized measure of synergy complexity suggested by Shuman et al. [48] may also help increasing the robustness of the synergy extraction.
In some cases (with a homogeneous task and population) the measure of the inter-subject similarity may be used to fine-tune the number of synergies to extract, especially when the criteria adopted are not utterly conclusive. In our case, as it can be seen in Figures 3 and 4 , the fifth extracted motor module, S5, could only capture a marginal portion of the EMG variance and may be thus considered not necessary to understand the main features of the global EMG data. However, the consistently higher index of the intra-subject similarity for the same muscles when using five motor synergies may indicate that using additional modules might prevent noise from spreading over the "good" synergies (S1, S2, S3, S4). In this particular case, it is possible to conclude that the set of five synergies is more robust than the set of four synergies. This result also shows that the "Eigenvalue ≥1" criterion, is robust to the preprocessing choices but may be too conservative in choosing the number of synergies to be extracted. A possibility to partially overcome this limitation is to modify the Eigenvalue threshold to 0.7/0.8 as suggested by Joliffe [73] or to increase by 1 the number of synergies yielded with the classical parameters.
E. Limitations and Future Developments
Comparisons were made by changing one pre-processing parameter at a time, which might lead to overlooking nonlinear interactions among pre-processing parameters. However, we believe non-linear effects to be negligible as the change of each parameter had a very specific and recognizable effect on the results. Further developments will include testing the robustness of these results in different tasks (e.g., walking, grasping), subject samples (e.g., elderly, post-stroke) and with different factorization algorithms (e.g., NMF, ICA).
V. CONCLUSIONS
Here we have determined for the first time how different pre-processing and amplitude normalization methods affect the synergies extracted with Factor Analysis in a 15-muscles upper-limb-reaching task. Results show that the pre-processing of the EMG signals is pivotal for muscle synergies analysis since all considered variables (normalization, filtering, and dimensionality reduction criterion) might influence the muscle synergies extraction. The choice of normalization method (SELF or MVC) does not alter the synergy structure but the SELF and MVC normalization are only equivalent if the Eigenvalue>1 criterion is adopted as a dimensionality reduction criterion. In fact, MVC normalization increases the explained variance by a set of synergies. Band-pass filtering ( or [50-500 Hz]) does not impact muscle synergies analysis but higher cut-offs increase inter-subject variability in some instances. The low-pass filtering cutoff frequency significantly alters the results: low cut-offs (e.g., 0.5 Hz) increase the explained variance by a set of synergies and increase the contrast between active and inactive muscles but have an unpredictable effect on the inter-subject similarity. We found that in some situations the inter-subject similarity might be useful to complement common criteria in establishing the number of synergies to retain for further analyses. All considered it is advisable to carefully examine the pre-processing steps and in particular the LP cut-off frequencies, to appropriately address the requirements of both the experiment and the research questions, rather than solely relying on the values typically reported in the literature.
